The International Food Policy Research Institute (IFPRI), established in 1975, provides research-based policy solutions to sustainably reduce poverty and end hunger and malnutrition. IFPRI's strategic research aims to foster a climate-resilient and sustainable food supply; promote healthy diets and nutrition for all; build inclusive and efficient markets, trade systems, and food industries; transform agricultural and rural economies; and strengthen institutions and governance. Gender is integrated in all the Institute's work. Partnerships, communications, capacity strengthening, and data and knowledge management are essential components to translate IFPRI's research from action to impact. The Institute's regional and country programs play a critical role in responding to demand for food policy research and in delivering holistic support for country-led development. IFPRI collaborates with partners around the world.
potentially important roles for the agricultural sector in addressing malnutrition that are not covered by other sectors.
This study contributes to various strands of literature. First, it builds on the general literature on ANL (for example, World Bank 2007; Ruel et al. 2018; Fan et al. 2019) , including studies focusing on crop diversification (Shively et al. 2015; Hirvonen and Hoddinott 2017) and production scale (Kumar et al. 2015) , by offering deeper insights into the heterogeneity of ANL's effectiveness, factors contributing to such heterogeneity (cooking time in particular), and the nature of heterogeneity (intrahousehold equality). Second, it builds on the literature on timeuse and nutrition (Komatsu et al. 2018; Johnston et al. 2018 ) by providing a more concrete example of the context in which cooking time affects nutritional outcomes. It also distantly relates to the broader literature on time-allocation decisions (for example, Becker 1965) by providing richer insights into the returns to cooking time. Third, the study builds on a large literature on intrahousehold variations on nutrition (for example, Pitt et al. 1990; Haddad et al. 1997) , and variations among children (for example, Finaret et al. 2018 ) and women in particular (for example, Bhandari et al. 2016; Harris-Fry et al. 2017 . Fourth, the study also contributes to the related literature on Tajikistan (Azzarri & Zezza 2011; Mukhamedova & Wegerich 2018; Wood et al. 2018; Klassen et al. 2018; Takeshima et al. 2019) . Last, the study also builds methodologically on the literature on impact evaluation, particularly nested propensity-score methods (Huber 2014) , GPS-IPW (Bodnar et al. 2004; Flores & Mitnik 2013) , as well as the literature on technical efficiency and methodologies like data envelopment analyses (DEA) (for example, Charnes et al. 1994) .
The rest of the paper is structured in the following way. Section 2 discusses the theoretical framework. Section 3 describes the empirical methods. Section 4 describes data and descriptive statistics. Section 5 presents the results, while section 6 concludes. (1) which depends on the inherent preference that depends on individual and household characteristics ℎ, . Here, for simplicity, we drop the subscript ℎ and (we will reinstate them later when discussing intrahousehold equality).
is supplied by available food F (either home-produced , or purchased ), household members' cooking time , and functions of cooking technologies C, level of food market access , and again Z (which can affect non-food sources of nutrition). = ( , ; , , ) (2) Note does not include cooking provided by non-household members, such as purchased cooking services. The equilibrium nutritional outcome * is jointly determined by these demand and supply factors. 2 In low-income countries with food poverty (so that nutrition is still constrained by food availability F), we are likely to have * > 0.
(3)
The ANL literature generally suggests that, in rural areas with low , we tend to have > 0 (4) because of relatively higher costs for acquiring given . Because low M would indicate relative scarcity of pre-cooked food, or most food items must be cooked before becoming digestible, or retaining bioavailability of nutrients in food items may require more careful cooking, * responds more positively to cooking inputs. Furthermore, because low M is also associated with high cooking-service costs, cooking inputs are supplied mostly by households' own cooking inputs, . Thus, 2 * > 0. 3 (5)
It is also likely that cooking-time T and cooking technologies are substitutes, so that 2 * < 0. 4 Therefore, combined with (5), we are likely to have
Because we have > 0, condition (6) suggests � 2 * � < 0
Household cooking time may also be substituted with , because as rises, the access to either pre-cooked food or affordable cooking services may improve. Similarly, higher M may be associated with more urban income-earning opportunities which can provide alternative means to improve nutrition (for example, Blau et al. 1996 in the Philippines, Bamji & Thimayamma 2000 in South India), and thus higher M raises the opportunity cost of T for most individuals. Therefore, 2 * < 0. Using the same argument as cooking technologies, we then have
Conditions (7) and (8) lead to hypothesis 1:
Hypothesis 1: Conditional on household characteristics Z, household agricultural production (greater diversity or production scale) and cooking time is generally complementary in 3 Note that this is not simply because more cooking activity raises the nutritional requirements of the person engaged in cooking, because N here refers to all household members. 4 Higher cooking technologies raise marginal returns to a unit of cooking time. They may induce greater cooking time if cooking is undertaken for commercial and income-earning purposes, because the demand curve is that of the market and is fairly flat. However, cooking for household members faces a declining demand curve, and thus higher cooking technologies become substitutes for cooking time.
improving equilibrium nutritional outcomes of women and children, and this effect is stronger for households with lower cooking technologies or in rural areas.
The hypothesis 1 may not hold if some of the aforementioned conditions fail. Therefore, whether hypothesis 1 holds or not is an important empirical question.
2.2
Intrahousehold inequality Equilibrium nutritional outcomes of each household member maximizes a certain utility function. Based on the realization of * , some indicators of intrahousehold equality * are obtained: * = arg max ( ; ℎ, ) ℎ * = � * ; ℎ, �.
Note ℎ * is conditional on Z (and its intrahousehold variation) because observable Z is assumed to explain most of the variations in intrahousehold allocations (including activity-level, pregnancy status, etc.) .
It is beyond the scope of this study to assess how the utility function is maximized. For the sake of presenting a theoretical framework, we consider the case in which allocation is made by a decisionmaker in the household, with the goal of maximizing the aggregate consumer surplus (or utility) of all members while meeting the resource constraint. In this particular case, * is determined such that
so that every member's marginal utility from an additional unit of nutrition is equated. When this holds, and if the utility function is the same across members conditional on (so that all variations in inherent preference are solely explained by observable characteristics), we should have ℎ * = ( * ; ) = 0, meaning perfect intrahousehold equality. Even in such a case, * may deviate from � if transaction costs in achieving the aforementioned allocations are greater than the returns from reallocations. These transaction costs will thus affect ℎ * , conditional on . and may jointly reduce ℎ * if they affect such transactions costs in such ways. For example, the greater overall availability of food and longer cooking time may reduce such transactions costs. However, they can also operate in opposite ways. 5 The discussion here is made for illustrative purposes, and how and affect ℎ * conditional on is therefore an empirical question which we aim to investigate.
Hypothesis 2: Household agricultural production (greater diversity or production scale) and cooking time are generally complementary in reducing intrahousehold nutritional outcomes 5 An extreme example is as follows. If there is only one apple for two household members, the apple needs to be cut, incurring certain transaction costs. If there are two apples, each can simply be given to each person, without any transaction costs. If, however, there is additional apple (and thus a total of three apples), this additional apple is likely to have to be cut into half and shared by these two people, to equate their marginal utility. In this case, a greater quantity of food (apple) ends up increasing transactions costs for equating an individual's marginal utility. If the transactions costs are too high and they give up sharing the third apple, two and one apples are consumed by each person, respectively, leading to inequality in consumption. among women and children, and this effect is stronger for households with lower cooking technologies or in rural areas.
2.3
Technical efficiency The theoretical framework on the effects of technical efficiency in agriculture is similar to hypothesis 1. With higher efficiency, either greater or greater resources allocated for other purposes can improve nutritional outcomes. On the one hand, if greater is achieved, and if cooking time is complementary, then higher technical efficiency and can be complementary to improving nutrition. On the other hand, the opportunity costs of resources used to raise technical efficiency in the area may be high (for example, they can be used for other means to more directly raise nutrition) to produce the same amount of food, or higher technical efficiency may not lead to sufficient food availability if households simply reduce inputs use. In such a case, raising technical efficiency may not improve nutritional outcomes.
Hypothesis 3: Higher technical efficiency in agriculture and cooking time are complementary to each other in improving nutritional outcomes, and this effect is stronger for households with lower cooking technologies or in rural areas; these conditions may largely hold in the current setting of the studied area in Tajikistan.
As was mentioned above, this paper addresses research questions that are somewhat independent of each other, driven by data availability. Nonetheless, evidence of each of these questions is an important piece that helps us better understand the overall agricultural-nutrition linkages (Figure 1 ). Figure 1 illustrates the overarching framework presented in Fan et al. (2019) . The research question on cooking time relates to the particular linkages between food access and diet, among others; the research question on intrahousehold equality among women corresponds to the linkages between food production and individual nutrition outcomes; while the research question on technical efficiency corresponds to food production and income linkages. 
Empirical models
In our empirical approaches, we essentially regress various nutritional outcomes of interest (as well as their intrahousehold variations among children or among female-household members), on key household-level APP and technical efficiency, as well as cooking time. Nutritional outcomes of interest include women's dietary diversity score (WDS) among women of reproductive age (WRA) and whether WDS met the minimum acceptable dietary diversity score (WDSM) of 5 (FAO & FIH 360, 2016) ; and children's minimum acceptable diet (CMAD), children's minimum acceptable dietary diversity (CMDD) (WHO 2010), children's weight-forage Z-score (WAZ), and weight-for-height Z-score (WHZ). These indicators are often used in the literature to capture key aspects of nutritional outcomes (Ruel et al. 2018) . APP consists of the diversity of food groups produced (agricultural diversity score [ADS] ) and the production scale proxied by agricultural production values (APV), which have been commonly used in the aforementioned ANL literature. Results are compared across different levels of cooking technologies (proxied by the value of cooking equipment [VCE] ) and the level of market access (proxied by nighttime light density that is closely associated with the level of urbanization).
The main concern in our empirical model is the potential endogeneity of APP and cooking time with respect to nutritional outcomes. We employ NGPS-IPW, as well as standard IVGMM, to mitigate such endogeneity issues.
Each approach has its advantages and shortcomings. IVGMM is straightforward to estimate. However, selection of instrumental variables (IVs) can always be difficult, even when they pass specifications tests-this is because, while those tests provide a necessary condition that the IV is suitable, whether they provide sufficient conditions of IV suitability requires the assumption that the main structural equation is also correctly specified. Furthermore, reliability of IV estimation depends on having sufficiently many IVs relative to the number of endogenous variables, which often poses practical challenges (Davidson & McKinnon 1993; Deaton 1995) . Under reasonable assumptions, NGPS-IPW offers a practical alternative when exclusion restrictions are unclear. However, as in any propensity-score based method, it relies on the famous assumptions of selection-on-observable (Hirano & Imbens 2004; Huber 2014) , that is, regressors of interest (APP and cooking time in our case) are no longer endogenous to nutritional outcome conditional on propensity scores estimated from the observable characteristics. Estimating both IVGMM and NGPS-IPW can thus improve the robustness of our results against the possible violations of relevant assumptions.
3.1
Overall empirical framework For all three research questions, our empirical models largely take the following forms:
= ( ⋅ ⋅ ⋅ ; ) (11) where denote the set of dependent variables (individual nutritional outcome or householdlevel inequality in nutritional outcomes ℎ * ). The notations " ⋅ " indicate the interactions between each factor. In other words, we assess how agricultural-nutrition linkages at the household level ( ∂ ) vary depending on , and . The assessment of hypotheses 1 and 2 accounts for the potential endogeneity of and . As is described below, the assessment of hypothesis 3 focuses on a cluster (village)-level technical efficiency indicator of which can be considered exogenous.
Empirical specifications -IVGMM
The standard IVGMM models simply estimate
where ℎ indicates household of individual , ( ℎ ⋅ ℎ ) is a function of the interaction of ℎ and ℎ . Practically, due to our modest sample sizes and multi-collinearity associated with highdimensional interactions, we only consider the model where ( ℎ ⋅ ℎ ) = ℎ or ( ℎ ⋅ ℎ ) = ℎ .
Potentially endogenous variables ℎ , ℎ , ℎ ⋅ ℎ , and their interactions with ( ℎ ⋅ ℎ ), are instrumented using ℎ, , other excluded household-level IVs ( ℎ , described in a later section), and their interactions with ( ℎ ⋅ ℎ ). Joint tests of endogeneity and Hansen's (1982) orthogonality test are conducted to assess the suitability of IVGMM and the set of excluded IVs.
3.1.2
Empirical specifications -NGPS-IPW The NGPS-IPW method is as follows. To make the model estimable, we first split the samples into two groups by a set threshold level of APP, ̅ , that is, one sample with < ̅ and the other sample with > ̅ . We then estimate probit regression to predict the propensity ̂ that a household is with < ̅ , or > ̅ given their observable characteristics ℎ, and ℎ .
We then apply the generalized propensity score (GPS) method to ℎ , as is described in Appendix A, and obtain a stabilized weight for ℎ , based on the propensity that observed ℎ is selected by the primary respondent (PR) of the household given their observable characteristics (Appendix A discusses the procedure more in detail).
We then estimate the following model through inverse probability weighted (IPW),
. This is an extension of GPS-IPW, which has been used in earlier studies (Imbens 2000; Bodnar et al. 2004; Flores & Mitnik 2013) , to the framework of Huber (2014)'s nested propensity score method. It is "nested" as � is also estimated using 1/̂ as the weight.
Using the estimated coefficients, the statistically significant differences between and can then suggest that APP affects how the effects of cooking time on nutritional outcomes change given the cooking technologies. Specifically, if > , cooking time is complementary to APP at low , but substituting at high C. If < , the opposite holds. We standardize the variables so that and provide the average returns to ℎ given the available range of ℎ .
We can also estimate the following by splitting the sample by half at sample median value of instead of :
If > , cooking time is complementary to APP at low , but substituting at high . If < , the opposite holds. These methods are practical ways to show how the effects of APP on nutritional outcomes depend on cooking-time T, and how such relations change depending on cooking technologies and the level of market access.
Importantly, these approaches rely on the thresholds ̅ that are selected. We check the robustness of our results by selecting slightly different ̅ . 6
3.1.3
Technical efficiency For testing hypothesis 3, we replace with a technical efficiency score of agricultural production. We focus on variations of technical efficiency across clusters (villages) rather than across households. One reason for this is because common methodologies like DEA used for estimating technical efficiency tend to be susceptible to outliers and thus often perform better with cluster (village)-level median values. 7 Furthermore, technical efficiency can be significantly affected by the variations in agroecological conditions that tend to vary more across villages than within villages. For example, agricultural research and development that affects technical efficiency contributes to developing technologies suitable for particular areas, rather than for particular households.
The model for hypothesis 3 therefore proceeds by first estimating, through DEA, the technical efficiency score of agricultural production at the cluster where household ℎ is located ( ℎ � ), and estimates
6 Results are available from authors upon request. 7 DEA is also suitable because it is particularly reliable in estimating efficiency where the markets for inputs and outputs are imperfect (Charnes et al., 1994) , as is the case in rural areas in many developing countries.
which are WLS estimated using weights � = 1 � . Note � here does not include 1/̂ because ℎ � is included as an exogenous variable. Then, coefficients on and inform whether technical efficiency in agricultural production and cooking time complement each other in improving nutritional outcomes.
Standard errors. Standard errors for models other than IVGMM are adjusted through a multistage paired bootstrap (Efron 1979; Freedman 1981) , to take into account the fact that IPWs are predicted values.
Data and descriptive statistics 4.1
Data Our analyses primarily use the household survey data collected by the International Food Policy Research Institute (IFPRI) in 2015 and 2018 in the Khatlon province, within the zone of influence (ZOI) of the United States Agency for International Development (USAID) Feed the Future project (IFPRI2015 and IFPRI2018 thereafter) (for details of IFPRI2015 and IFPRI2018, see IFPRI 2016 IFPRI , 2019 Takeshima et al. 2019) .
IFPRI2015 data were collected partly for evaluating USAID's Feed the Future project in its ZOI, which consisted of 12 Raions (Districts) within Khatlon province (IFPRI 2016). In total, 2,000 households were selected. IFPRI2015 data were collected in February and March of 2015. The samples were selected through multiple-stage random sampling; at the first stage, 100 clusters were randomly selected based on the probability proportional to size among the list of enumeration areas based on the 2010 census (IFPRI 2016). From each cluster, twenty households were then randomly sampled.
Similarly, IFPRI2018 data were collected for the assessment of USAID's Feed the Future in the same 12 districts. However, IFPRI2018 focused more on the particular component of Tajikistan Agriculture and Water Activity (TAWA). A total of 80 villages were purposively selected from these 12 districts, from which 15 farm households were again purposively selected: 10 households among those who participated in TAWA capacity-building activities, and 5 households among the list of horticultural producers (IFPRI 2019). The findings from IFPRI2018 are therefore not representative and thus external validity to the rest of these districts needs to be assessed with caution. However, the sample characteristics of IFPRI2018 are somewhat different from those of IFPRI2015, and obtaining consistent results across the two datasets can suggest their robustness. In addition, since IFPRI2018 was collected from August to October 2018, a period very different from the season covered by IFPRI2015, the findings from both data offer important robustness checks. IFPRI2018 consists of 80 villages as sampling clusters. As was described above, technical efficiency is estimated using the village as the primary unit.
Among the total of 2,000 and 1,200 household samples in IFPRI2015 and IFPRI2018, our primary sample households consist of agricultural households, in which females reported cooking time as described below. This category covers 1,525 out of 2,000 households in IFPRI2015 and 1,033 out of 1,200 households in IFPRI2018, and thus these households are used in our analyses. These households include a total of 3,573 and 1,961 female members of reproductive age, respectively. Furthermore, IFPRI2015 households include 1,514 children and 594 children aged 6-59 months and 6-23 months, respectively. These individuals constitute the primary-sample individuals in our analyses.
These household data are combined using global positioning system coordinates with various spatial data on key agroclimatic and socioeconomic variables. The data on topography, including elevation and slope, are from the United States Geological Survey (USGS 1996) , from which a terrain ruggedness index was constructed following Riley et al. (1999) . A map of major rivers from Lehner et al. (2006) is used to calculate the Euclidean distance to the nearest major river. Underground water-table depth is obtained from Fan et al. (2013) . Nighttime light data are obtained from NOAA (2019), while the distance to the nearest road is constructed using NASA (2019).
Time-use data. Time-use data are included in IFPRI2015 and IFPRI2018 and reported by a PR in the household, who are in most cases WRA aged 15-49. Time use data for different activities are reported as 24-hours recall data for each 15-minute segment. Activities are coded into 17 categories, among which "cooking" is one category. The methodology is generally consistent with the diary method based on 24-hour recall, described in time-use literature (Johnston et al. 2018) . By using the 15-minute segment, our data may be somewhat more precise compared to some other studies. For example, 30 minutes interval was used by Esquivel et al. (2008) in South Africa.
4.2
Set of dependent and independent variables in each dataset Because IFPRI2015 and IFPRI2018 were collected with somewhat different focuses, certain nutritional outcome variables (dependent variables) and independent variables appear only in one of the datasets. Furthermore, certain nutritional outcomes are reported only for specific age-groups. We, however, still use both datasets in our analyses because there is also substantial commonality between these datasets. Here we describe them, as well as the common and data-specific independent variables.
4.2.1
Variables on nutritional outcomes and APP, technical efficiency Among the dependent variables used in our analyses, WDS and WDSM are reported in both data. Nutritional outcomes for children (CMAD, CMDD, WAZ, and WHZ) are only reported in IFPRI2015. Furthermore, CMDD and CMAD are only reported for children aged 6-23 months old, while WAZ and WHZ are reported for children 6-59 months old.
APP are reported for both IFPRI2015 and IFPRI2018. Technical efficiency is, however, estimable only in IFPRI2018, in which detailed information on production inputs use is reported along with APP.
Independent variables
The set of independent variables consist of factors associated with (a) household APP; (b) cooking time; (c) nutritional outcomes of individual women; (d) nutritional outcomes of individual children; and (e) intrahousehold variations of nutritional outcomes among women or children (household level). These consist of common household-level variables that are included as controls for all groups (a) -(e) for consistency and another specific set of variables that are included only in certain groups (a) -(e).
Common set of household-level variables
The common set of household-level variables includes basic household demographics, such as the average characteristics of working-age members (aged 15-60) like age and gender, household size by age and gender (elderly above 60, working-age 15-60, older children 6-14, and younger children under 6), and average years of formal education of working-age members, which also proxy the income status of household members.
A common set of household-level variables also include housing utility conditions, which can affect both nutritional conditions and APP (for example, agricultural labor productivity). These include whether improved materials are used for flooring and exterior walls, whether the household uses an improved source of drinking water and an improved sanitation system, and whether the community that hosts the household has centralized garbage collection and disposal systems and a centralized sewage system. 8 Values of durable assets owned (other than cooking equipment which is separately captured), and whether owning large livestock assets like cows, are also included.
Agroecological factors include elevation, topography (terrain ruggedness), and hydrological conditions (proximity to major rivers and groundwater depth). The surveyed area is relatively uniform in terms of other agroclimatic conditions like soils and rainfall, and other conditions like temperature are highly correlated with the aforementioned variables, and thus are not included as the set of variables.
Wealth variables include the per capita value of durable assets, and the ownership of a cow which is a key livestock animal. Ownership of refrigerators and freezers is also included to control for the storage life of food, either home produced or purchased. Access to finance is proxied by a variable which indicates whether any member of the household had obtained credit from the formal sector. The value of remittances received by households is included to capture external income flows.
Certain agricultural factors, such as the size of farm areas owned, the share of perennial crops, and the number of productive trees owned, are also included to control for the general demand for farm labor, which affects not only APP but also the nutritional demand of the household members.
For IFPRI2015, distance to the nearest food-market is also included. Since IFPRI2018 does not include this, we replaced it with distances to the nearest road and railway. For IFPRI2015, access to infrastructures and institutions include distances to the nearest state daycare, and whether the community had received inoculation campaigns is included as well. Information on average food price (average per kilogram of all 12 groups) is included to further control for the accessibility of food, particularly for the poor.
The VCE owned by the household is used to proxy cooking technologies, which can serve as wealth but also affect cooking time. The variable is measured as the total VCE in the household, including gas oven, electric oven, gas hob, electric hob, electric stove, electric water heater, outdoor metal stove (heating and cooking), kerosene stove, and wood stove.
Similarly, the nighttime light intensity is also included to capture the overall level of economic growth (Henderson et al. 2012 ) and urbanization effects on nutritional outcomes (Amare et al. 2018), which can affect the household-level ANL. As was described earlier, we estimate models differentiating households based on the cooking technologies and nighttime light intensity of their residing areas.
(a) Factors affecting APP -also used as IV for APP in IVGMM
Following Takeshima et al. (2019) , which investigates similar household-level ANL but without the focus on cooking time, we include agricultural capital, as well as access to extension, as factors affecting only APP but not nutritional outcomes or cooking time, once other variables are controlled for. Specifically, agricultural capital is proxied by whether the household owned tractors and the number of other non-tractor agricultural equipment. Extension access is proxied by whether the communities receive government extension visits (for IFPRI2015) and whether any household members received extension advice (for IFPRI2018).
(b) Factors associated with cooking-time variables
These variables include those that may be associated with the time-use, as well as the self-selection of a respondent within the household (since one respondent was selected within the household to answer about her time use in the previous day). 9 These variables include the age and education (which proxy income status) of the PR, as well as their averages among WRA; number of older, younger, or same-age members relative to PR (by gender); number of children being taken care of by the PR (by gender) and the number of all children being taken care of by all WRA (by gender); whether there are any other adult women in the household without children to take care of (and thus who can serve as helpers); whether the PR is pregnant / lactating; and the number of all WRA who are pregnant / lactating. We also control for the expenditures on domestic services (payment for non-member staff providing childcare and babysitting, among others) which can partly affect PR's time-use.
(c) Factors associated with individual children's nutritional outcomes
For children 6-59 months, these variables include age and gender and birth quarter, as well as the caregiver's age and education. Past studies often suggest that the effect of mother's time use on child nutritional outcomes may depend on the age of the child (Coreil 1991; Ricci et al. 1996; Paolisso et al. 2002) . Twelve-month precipitation during the pre-born period is also included to capture the effects of prenatal environmental conditions (Shively et al. 2015) . For children 6-23 months, birth order is also included, which is found to affect nutritional outcomes in certain social contexts (for example, Jayachandran & Pande 2017).
(d) Factors associated with individual women's nutritional outcomes
Individual women's characteristics include age, education, whether pregnant or lactating, and social status (whether married / in-union, divorced, separated, or widowed) (Harris-Fry et al. 2017).
(e) Factors associated with intrahousehold factors
Factors associated with intrahousehold variations include various aspects of average and variations in individual women's and children's characteristics in the household. These include the average and standard deviations in age; years of education of WRA in the household; and age of children (among children 6-59 months) in the household, as well as the share of girls among these children; and average and variations in birth quarters among these children. We also include the average and variations of the ages and years of education of all caregivers in the household. 10
4.2.3
Natural log transformation To remain consistent, we avoid transforming independent variables as much as possible. However, variables with extremely high skewness (greater than 10), are natural-log transformed, as doing so is found to lead to more stable results.
4.3
Descriptive statistics Table 1 through Table 4 provide descriptive statistics of the household-level variables and individual characteristics of women and children being studied. In both IFPRI2015 and IFPRI2018, the households being studied are generally smallholders, owning less than 1 ha of farmland, producing 2-3 groups of crops, generally asset poor, living in limited-quality houses, and located in rural areas. On average, however, household members have modest education levels, having completed on average 10 years of formal education.
[Insert Table 1 While these characteristics generally hold for IFPRI2015 and IFPRI2018 samples, there are some differences: the households in the former data have a somewhat larger household size, with poorer housing conditions. The findings from both datasets will therefore demonstrate some robustness across different types of households.
Results
Our primary interests are on the interactive effects of APP and PR's cooking time on nutritional outcomes and how they vary depending on the household's cooking technologies (proxied by VCE) and market access (proxied by nighttime light intensity). Other individual results are of secondary importance. We therefore first briefly discuss the factors associated with APP and cooking time and discuss the main results more in detail.
5.1
Factors associated with APP and cooking time Table 16 and Table 17 in Appendix B summarize the results of the first-stage probit on APP and the GPS model on cooking time, respectively. These regressions are reduced form and do not suggest any structural relations. Generally, whether the household exceeds the median 10 Various studies suggest the variations on nutritional outcomes among women within the households depending on their demographic characteristics. For example, older women tend to be associated with greater weight and higher body mass index (BMI) (Hasan et al. 2017; Beal et al. 2018) while younger women are more likely to suffer from different types of nutritional deficiencies. Sometimes, the relationship is more complex, as the challenge of the double burden of malnutrition is also more likely among older women than in younger women (Oddo et al. 2012 ). These patterns also do not always hold everywhere. Older women are found to eat somewhat healthier in Viet Nam (Nguyen et al. 2018) and are more at risk of underweight in Bangladesh (Khanam et al. 2018) . Sometimes, older women also pass down nutrition knowledge to younger women (Dillon et al. 2019) , which can potentially mitigate severe inequality in nutritional outcomes among women in the household. level of APP is associated with the ownership of cows, farm size, and number of non-tractor agricultural equipment owned. ADS is also positively associated with agroclimatic conditions and the share of the perennial crop area. The number of productive trees owned is positively associated with ADS but is negatively associated with APV, possibly because tree crops may lead to diversification away from field crops but may also experience trade-offs in the overall production scale. ADS and APV are also positively associated with distance from the nearest food market. While this may seem counter-intuitive, this may be because we also condition on other general measurements of market access like nighttime; distance, particularly to the foodmarket, may actually encourage household food production, conditional on access to the more general market. ADS and APV are also significantly associated with household demographics, housing conditions, and sanitation infrastructure, indicating somewhat complex mechanisms affecting households' APP.
Similarly, cooking time by the PR is generally associated with household demographics, housing conditions, and cow ownership, among other factors. Cooking time tends to be shorter among older PRs, but also if there are more other females in the household who may be able to help in cooking (particularly females who are not taking care of any children). Cooking time by PR is also associated with the general characteristics of WRA in the households, suggesting that the model captures the effect of self-selection on who becomes PR in the household. Table 5 and Table 6 show the relevant balancing properties achieved through IPW and GPS-IPW, respectively. Table 5 shows the share (%) of variables that are unbalanced between two samples separated, in terms of the statistical significance of the differences in sample means, by the median value of APP. In raw samples, means are generally significantly different between low-APP and high-APP samples (indicating the lack of balance) for almost half of the variables, at 5 and 10 percent significance levels. However, once IPW-adjusted, less than 2 and 4 percent of variables show a significant difference in means, which would be expected under the null hypothesis of balanced samples. Satisfactory balancing properties suggest that the differences within any differences in nutritional outcomes can be attributed to APP itself, instead of any other observable variables.
[Insert Table 5 here] [Insert Table 6 here] Table 6 suggests that the GPS model estimation fails to reject the normality of the residuals, which is important for consistency. Furthermore, in a similar way to Table 5 , the balancing properties are satisfied based on the tests described in Appendix A; approximately 5 to 10 percent of variables exhibit t-tests thresholds of corresponding statistical significance, which is to be expected under the null hypothesis that means of covariates are jointly equal across groups. These diagnostic tests indicate that household characteristics are similar within each subgroup, conditional on the estimated GPS, and thus we can consistently identify the effects of cooking time on nutritional outcomes in subsequent regressions.
5.2
Main results Our main results on the interactive effects of APP and cooking time are presented in Table 7 through Table 13 . These tables summarize the coefficients on the variables of our main interests, interactive effects of cooking time with APP, on a range of nutritional outcomes. Effects of cooking time in general (apart from interaction with APP, etc.) are found to be generally ambiguous and insignificant, and therefore we focus on presenting the interaction effects with APP. The detailed results for the main models are presented in Appendix B Table  18 . 11 NGPS-IPW results. Table 7 shows three types of figures. Columns (A) show how an increase in APP (from below-median level to above-median level) affects the marginal effects of (a onestandard-deviation increase in) cooking time on nutritional outcomes. Columns (B) show how the effects in columns (A) vary depending on the VCE of the household. Specifically, columns (B) show the changes in the columns (A) entries caused by a one-standard-deviation change in VCE. Similarly, columns (C) show how the effects in columns (A) vary depending on a onestandard-deviation increase in the nighttime light intensity. For example, a figure of 1.248 in the first column (A) in the first row means that, an increase in ADS from below-median to abovemedian increases the effects of a one-standard-deviation increase in cooking time on WDS by 1.248. This figure is the average across all VCE in the sample of low nighttime light intensity area. A figure of -.323 in column (B) in the first row means that these ADS-cooking-time interactive effects averaged in column (A) are negatively related to VCE; specifically, these ADS-cooking-time interactive effects on WDS increase (decline) by 0.323 as the VCE of the household decreases (increases) by one-standard deviation. These results together suggest that, in areas with low nighttime light intensity, a longer cooking time by the household significantly increases the positive effects of ADS on WDS as the household's VCE declines. In other words, there is positive complementarity between ADS and the household's cooking time, if the household has lower cooking technologies and is in more rural areas.
[Insert Table 7] As can be seen, negatively significant figures in columns (B) and in columns (C) suggest that there is more positive complementarity between APPs and household's cooking time in households with lower VCE and in more rural areas, respectively. These conditions generally seem to hold for quite a few nutritional outcomes and APPs (particularly ADS). At the same time, columns (A) are generally insignificant, suggesting that, on average, household cooking time and APPs are neither complementary nor substitutes. Therefore, where (B) or (C) are significantly negative, APP and cooking time are likely to be strictly complementary with lower VCE or lower nighttime light intensity. Table 8 presents similar sets of results but for the effects on intrahousehold inequality in nutritional outcomes among women and children. Many figures are statistically insignificant, suggesting that cooking time generally does not affect how APPs change the inequality in nutrition. Certain figures are negative and modestly significant, such as column (A) for ADS-WAZ linkage and column (B) for ADS-WDS linkages. In these cases, longer cooking time may generally reduce the effects of APPs on inequality and particularly so in households with lower VCE. It is remarkable that no such patterns are observed for opposite directions. Altogether, a longer cooking time by the household may modestly shift ANL toward being equalityenhancing, in rural areas with low cooking technologies where nutrition insecurity may be the most severe.
[Insert Table 8] IVGMM results. Table 9 and Table 10 summarize the set of results related to Table 7 and Table 8 but are estimated through IVGMM. Table 11 and Table 12 summarize the diagnostic statistics of these IVGMM estimates, which generally show that models are strongly identified and orthogonality conditions are satisfied, suggesting the consistency of the results.
[Insert Table 9 Table 9 shows the estimated results in 2-by-2 format, differentiated by nighttime light intensity and VCE. For example, 0.790 means that, for households with low nighttime light intensity and low VCE, a one-standard-deviation increase in household cooking time increases the effects of a one-standard-deviation increase in ADS on WDS by 0.790, suggesting the complementarity between cooking time and ADS. This effect diminishes for households residing in a similarly low nighttime light intensity area but with higher VCE (insignificant -.050), or households residing in a high nighttime light intensity area. The finding that the complementarity between ADS and household cooking time is stronger in areas with low nighttime light intensity and for households with low VCE is consistent with the findings based on NGPS-IPW in Table  7 . Table 10 summarizes the set of results related to Table 8 (effects on intrahousehold inequality) but are estimated through IVGMM. For example, -0.346 means that, for households in areas with low nighttime light intensity, a one-standard-deviation increase in household cooking time decreases the effects of ADS on WDS inequality by 0.346, suggesting the complementarity between cooking time and ADS in reducing intrahousehold inequality in WDS. Overall, these effects are stronger in areas with low nighttime light intensity and diminish (or become more inequality-increasing) in areas with higher nighttime light intensity, particularly for WDS and WAZ. These patterns are generally consistent with Table 8 , suggesting the robustness. Table 13 summarizes similar results as above, but with the focus on technical efficiency in agriculture instead of APP. As was described above, these results for technical efficiency are provided only for IFPRI2018 due to data availability. Interpreted in similar ways as for Table 7 through Table 10 , Table 13 suggests the following: higher technical efficiency and longer cooking time are generally complementary in improving WDS, especially in areas with low nighttime intensity and for households with lower VCE, without affecting intrahousehold inequality of WDS.
[Insert Table 13 ] Summary patterns of results from Table 7 through Table 13 . Table 14 and Table 15 summarize the general patterns of results from Table 7 through Table 13 , focusing on the directions of the joint effects of APP or technical efficiency and household's cooking time on nutritional outcomes or their intrahousehold inequality. Furthermore, the effects of reduced nighttime light intensity and reduced VCE are also summarized.
Overall, we see that the results are moderately consistent with our aforementioned three hypotheses. Households' cooking time tends to complement the ANL at the household level. This effect is stronger in areas with low nighttime light intensity and for households with low VCE. Because of limited market access for food and cooking technologies (as well as cooking services), a household's self-production of food and cooking activities are important determinants of nutrition. Furthermore, increased self-production of food and cooking generally does not affect intrahousehold inequality in nutritional outcomes among women or children, and if they do, they mitigate such inequality, especially for households with limited market access and cooking technologies.
These results are relatively robust against the use of different methodologies (IPW vs. IVGMM) and different datasets for outcomes like WDS. While the results are not always statistically significant and thus suggest some weaknesses in the evidence, they are robust against alternative hypotheses (hypotheses in opposite directions) for a range of nutritional outcomes and APPs or technical efficiency.
Conclusions
Household-level ANL has been found to be generally more important for nutrition improvement in rural subsistence systems, where access to the market is generally limited for food items. While such subsistence systems are also often characterized by failures of markets for other goods and services, their effects on the characterization of ANL have not been studied widely. For example, markets for food processing services may also be imperfect and therefore household's self-investments in cooking time may become important factors affecting ANL.
Using the primary data in Tajikistan, we find moderate evidence that a longer time dedicated to cooking by women in the household enhances household-level ANL for a range of nutritional outcomes, including dietary diversity of women and children and body weights of children. Furthermore, these factors tend to sometimes mitigate intrahousehold inequality in nutritional outcomes among these women and children, conditional on the variations of individual characteristics. These effects are stronger in areas with lower nighttime light intensity and for households with lower values of cooking assets. Lastly, raising technical efficiency is likely to be important when aiming for nutrition improvement through household-level ANL.
These findings do not directly inform necessary interventions to affect cooking time or cooking technologies, since these decisions may be endogenous to various other factors that affect time use and asset investments. However, these findings offer richer insights into the characteristics of ANL. Findings are consistent with the economic characteristics of the subsistence system, where households are in more autarkic regimes. ANL is relatively strong in such a subsistence system, as has been shown in many aforementioned studies but also depends on households' self-production of complementary inputs, one example of which is cooking. Since time (labor) is one of the important resources owned by poor households with nutrition insecurity, cooking time symbolizes the significant resource requirements involved with operationalizing household-level ANL. These findings underscore the importance of valuing non-market labor supply, especially by women, in improving nutrition through ANL. Reliance on the self-production of cooking activities at home also suggests some vulnerability of ANL. The linkage is less susceptible to market risks, but more susceptible to, for example, health shocks of those engaged in cooking at home or other shocks that affect their labor availability for cooking. Overall, our findings underscore the importance of understanding ANL as part of a broader rural subsistence framework. Note: Symbols indicate the statistical significance: *** 1%, ** 5%, * 10%, † 15%. ADS = agricultural diversity score; APP = agricultural production practices; APV = agricultural production values; NA = not available due to small sample size; NGPS-IPW = generalized-propensity-score-based inverse probability weighting method; VCE = value of cooking equipment. Symbols indicate the statistical significance: *** 1%, ** 5%, * 10%, † 15%. ADS = agricultural diversity score; APP = agricultural production practices; APV = agricultural production values; NGPS-IPW = generalized-propensity-score-based inverse probability weighting method; VCE = value of cooking equipment.
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